González Martínez, JM.; Abel Folch-Fortuny; Llaneras Estrada, F.; Tortajada Serra, M.; Picó Marco, JA.; Ferrer, A. (2014 Within the emergent field of Systems Biology, mathematical models obtained from physical-chemical laws (the so-called first principles-based models) of microbial systems are employed to discern the principles that govern cellular behaviour and achieve a predictive understanding of cellular functions. The reliance on this biochemical knowledge has the drawback that some of the assumptions (specific kinetics of the reaction system, unknown dynamics and values of the model parameters) may not be valid for all the metabolic possible states of the network. In this uncertainty context, the combined use of fundamental knowledge and data measured in the fermentation that describe the behavior of the microorganism in the manufacturing process is paramount to overcome this problem. In this paper, a grey modelling approach is presented combining data-driven and first principles information at di↵erent scales, developed for Pichia pastoris cultures grown on di↵erent carbon sources. This approach will allow us to relate patterns of recombinant protein production to intracellular metabolic states and correlate intra and extracellular reactions in order to understand how the internal state of the cells determines the observed behaviour in P. pastoris cultivations.
At this point, there is a paramount comment that is in due. Batch e↵ects, which are defined as systematic 
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Figure 2: Set of 40 experimental scenarios corresponding to P. pastoris chemostat cultures grown on glucose, glycerol and methanol mixtures. For each scenario, the values of measured fluxes belonging to substrate and product specific consumption and production are shown. The substrates are glucose (Q GLU ), glycerol (Q GLY C ), methanol (Q MET ), citrate (Q CIT ) and oxygen (OUR). The products are ethanol (Q ET OH ), carbon dioxide (CPR), biomass (µ) and protein (Q P ). Note that NaN values stand for missing measured external fluxes.
Methods

138
The grey modelling approach proposed is composed of several steps (see Figure 3) . Firstly, the constraint- follows: is supported by the observation that intracellular dynamics are much faster than extracellular dynamics.
169
Therefore, it is sensible to assume that these compounds reach the steady state instantaneously and, hence,
170
its transient behavior can be omitted. In addition, the dilution term µ · c is also discarded because it is gen-171 erally much smaller than the fluxes a↵ecting the same metabolite. Under these considerations, the general 172 equation can be expressed as:
This equation constrains the J -dimensional space of feasible solutions. An extra constraint is added,
174
assuming that some of the fluxes of the metabolic network flow only in one direction:
where D is a J ⇥ J diagonal matrix with binary values: 1 for the irreversible fluxes and 0 for the reversible 176 ones.
177
Finally, a maximum value for each flux value is computed:
The combination of the constraints imposed by Equations 2-4 define a space (a bounded convex cone) is overcome by taking into account uncertainty as follows:
where e represents the deviation error between an actual flux v m and its measured value w.
188
The consistency analysis can be also formulated as a possibilistic constraint satisfaction problem [43] .
189
The basic idea is that a flux vector fulfilling Equations 2 and 3, and compatible with the measurements 190 will be considered as "possible", otherwise as "impossible". This can be refined to cope with measurements 
196
The main formulation of Possibilistic consistency analysis is summarized in this section.
197
Model and measurements constraints. 208
and define the possibility of each solution as follows:
where ↵ and are row vectors of user-defined, sensor accuracy coe cients.
210
The interpretation of Equations 6-8 may be: v = w is fully possible; the more v and w di↵er, the less 
217
(ii) Larger deviations are penalised, so values with a deviation equal to ± 20% have a possibility of ⇡ = 0.1,
218
and those with a deviation equal to ± 10% have a ⇡ ⇡ 0.5.
219
(iii) Uncertainty is considered as symmetric, and thus ↵ = .
This is achieved choosing bounds " 2,max and µ 2,max and weights ↵ and for each measurement: (i)
221
implies that " 2,max = µ 2,max = 0.05 · w, and (ii) defines ↵, noticing that 0.2 · w = µ 1,20% + µ 2,max , then 
where v j is a measured flux, and LB and UB are the lower and upper bounds for the Monte Carlo sampling 254 method.
255
At this point, it is worth commenting that the feasible solutions for each scenario are obtained by 
where X is a N ⇥ M matrix of data, T A is the N ⇥ A scores matrix containing the projection of the objects given data. SPE is the orthogonal distance of a particular object to the A-dimensional subspace of latent 279 variables defined by PCA. It is expressed as:
where e n is the nth row of the residual matrix E = X T A P t A . By taking the eigenvalues of the covariance 281 matrix of the residual matrix ( A+1 , . . . , M ), the control limit of the SPE [57] is computed as follows:
where between an observation x n (a row from the data matrix X) and the centre of the original M -dimensional 288 variable space is:
where ⌃ is the real covariance matrix of the original M -dimensional variable space, and 293
where x n is the nth row of the data matrix X, corresponding to a concrete object. The control limit for the
294
Hotelling-T 2 [60] is computed as :
where A is the number of PCs of the model, and F ↵ (A, N A) is the 100 ⇥ (1 ↵) percentile of a Snedecor's 
2. Estimate the scores fromX m using a missing-data method. In this case, the Known-Data Regression
307
(KDR) method is applied, which has been proved to be statistically superior to other missing data 308 imputation techniques in [62] .
3. Estimate the reconstruction of the original measurements with A latent variables and compute the 310 estimation error
where P is the estimated loadings matrix from X (the complete N ⇥ M matrix of data),X A is the 313 estimation matrix andÊ A the estimation error matrix. 
where X n,l is the element located at the nth row and the lth column of X, andÊ A,(n,l) is its estimation 
323
The Q 2 A matrices have been built in a cumulative way, i.e. they have the variability of the first A PCs.
324
These matrices can also be constructed by taking the information of a single PC. For this purpose, the 
Results and Discussion
333
In this section, the grey modelling approach proposed is applied to the methylotrophic yeast P. pastoris Table 1 . The majority of datasets 343 are highly consistent with the model (65% are fully possible, and 87% have a possibility higher than 0.5).
344
There are, however, 4 out of 40 datasets with a possibility lower than 0.25 (i.e. a possibility that is equivalent 345 to an error of 14% in one measurement, or to an error of 8% in three measurements). These scenarios (B3, solutions to be analysed.
357
Once the sampling has been performed, a feasible flux solution matrix X is built. X has the complete The MEDA is applied to the first five components obtained by the PCA, and the Q 
375
The first three MEDA matrices can be seen in Figure 5 .
376
If analysed from a biological standpoint, the first principal component relates protein production rate to 
396
The first three principal pathways are depicted in Figure 6 . In this way, the reactions involved by the 397 three first principal components seem to pinpoint specific metabolic indicators (cofactors NADH, NADPH
398
and ATP) and their relation with protein, biomass and substrate (glycerol and methanol) consumption.
399
It is worth pointing out that the fit of a PCA model on the available experimental data is not feasible 
Conclusions
406
In this paper, a grey modelling strategy that combines data-driven and knowledge-based information at 407 di↵erent scales is presented to analyse the behaviour of the methylotrophic yeast P. pastoris. This strategy PC is related to protein productivity, the second one corresponds to the biomass growth rate, and the third 
425
An important benefit of the grey modelling and analysis approach presented in this paper is its scalability. 
